Abstract-In this paper, an energy-efficient resource allocation problem is investigated for the wireless power transfer (WPT)-enabled OFDMA multicell networks. In the considered system, multiple base stations (BSs) with a large number of antennas are responsible to provide WPT in the downlink, and the users can recycle and utilize the received energy for uplink data transmission. The role of BS is to execute WPT; thus, there are no data transmissions in the downlink. A time-division protocol is considered to divide the time of downlink WPT and uplink wireless information transfer into separate time slots. With the objective to improve the energy efficiency, we propose the time, subcarrier, and power allocation schemes and antenna selection algorithms. As the perfect channel state information (CSI) is hard to obtain in the practical systems, we also take the case where only estimated CSI is available into consideration when executing resources allocation decisions and analyze the corresponding performance. Due to the non-convexity of the formulated optimization problem, we first apply the nonlinear programming scheme to convert it to a convex optimization problem. Then, an efficient alternating direction method of multipliersbased distributed resource allocation algorithm is applied to address the transformed problem. Performance evaluations are conducted to demonstrate the advantages of the proposed schemes.
I. INTRODUCTION
A. Background T HE high demand for data rate services and fast development of wireless networks are consuming the batteries of mobile terminals (MTs) much faster than before. While the lifetime of the network and the MTs can be prolonged by replacing or recharging the battery manually, it may be expensive, inconvenient, dangerous, or even impossible. Such a mismatch inevitably results in the increasing interests on the research for improving the lifetime of MTs in the wireless systems that require continuous operation, such as the Internetof-Things (IoTs) and autonomous system and network [1] .
In this context, energy harvesting (EH) is a considered as a promising candidate technology to prolong the lifetime of energy constrained networks in a sustainable way. Among all the possible techniques in EH, such as harvesting energy from sun, or wind, scavenging from radio signals offers an remarkable energy supply solution, especially for the MTs [2] . The resulted wireless power transfer (WPT) via the wireless energy harvesting has emerged as a new solution for sustainable wireless network operations, and has the potential to improve the energy efficiency (EE) performance of the wireless systems.
On the other hand, to further improve the spectrum utilization of the wireless networks, massive multiple input multiple output (massive MIMO) system has recently received increasing research interests. It is expected that the use of a large number of service-antennas over active MTs can significantly improve the spectrum efficiency of wireless communication systems. A large number of antennas can focus transmit power into several small regions and correspondingly bring tremendous improvements in throughput comparing with the current MIMO system. However, one of the drawbacks of employing massive number of antennas is the additional energy consumption which is caused by employing a separate RF chain for every employed antenna. Currently most of works on the energy efficiency design of MIMO system typically concentrate on the transmit power minimization, which is reasonable when the number of used RF chains is small and transmit power is relatively large. However, in a massive MIMO system, the circuit power consumption can be comparable to or even dominates the transmit power, it would be worthwhile to investigate whether some of the antennas can be turned off, and transmit power and frequency bandwidth can be allocated accordingly to improve the system EE [3] .
To this end, it is apparent that a massive MIMO system with WPT is envisioned as an emerging solution to improve the spectrum efficiency as well as the EE. However, as the resulted next generation wireless system contains the radio resources across multiple domains, i.e., time, frequency and spatial domains, contiguous design for resource allocation. In this work, we investigate energy efficient resource allocation problem for the WPT-enabled OFDMA multicell networks with massive MIMO BSs. The main contributions of this work are elaborated in the following subsection.
B. Contribution
In this work, we consider the data transmission happens in the uplink and the users can only be empowered by the downlink WPT from multiple base stations (BSs). The role of BS is to execute wireless power transfer, thus, there are no data transmissions in the downlink. A time division protocol is considered to divide the time of downlink WPT and uplink wireless information transfer (WIT) into separate time slots. Comparing with the recent works, major contributions of this work can be given as follows.
• The EE optimization problem for a multiuser multicell massive MIMO WPT system is presented. In the frequency domain, OFDMA is considered for spectrum utilization and in the time domain, a time division protocol is considered to divide the time of downlink WPT and uplink WIT in the uplink into a separate time slot.
• With the objective to optimize the EE performance of the considered system, a joint time, subcarrier and power allocation and antenna selection problem is presented.
As the presented system model consists of multiple cells, we advocate the distributed method to address the formulated problem.
• The formulated problem is with a non-convex structure.
Therefore, we apply a nonlinear optimization method to transform it into a convex problem. Then, a novel alternating direction method of multipliers (ADMM)-based approach is applied to turn the transformed problem into a series of interactive steps and find the optimal solution in a distributed manner.
• Besides the case where perfect (CSI) is available, we also study the case where only estimated/imperfect CSI is available when performing resources allocation decisions and analyze the corresponding performance.
• The performance evaluations have been conducted to examine the proposed schemes and the impact of CSI imperfection. Extensive simulation studies illustrate the effectiveness of the presented resource allocation scheme and also demonstrates its advantages over the other recent proposed schemes. The remainder of this paper is organized as follows. We present a literature review on the related works in Section II. Section III introduces the considered system model.
In Section IV, problem formulation and transformation are presented. In Section V, we address the formulated problem via proposing distributed resource allocation scheme. Performance evaluations are conducted in Section VI. Finally, Section VII concludes this work.
II. RELATED WORKS
Recently, the research on WPT have gained increasing interests. Yang et al. [2] investigate throughput maximization problem of WPT systems are studied when considering a single-user case. In [4] , Zhang et al. present an energy efficient optimization problem in a point-to-point multipleinput single-output (MISO) system with simultaneous wireless information and power transfer (SWIPT) and address it assuming power splitting energy receiver. For the multiuser MIMO wireless powered networks, a throughput optimization scheme is presented in [5] . In this work, the authors propose a beamforming strategy to maximize the system throughput. Yin and Qu [6] investigate a SWIPT relay network and propose to maximize the weighted sum rate through designing power splitting ratio at each relay, and proposing power allocation, channel assignment and relay association schemes. In [7] , a resource allocation scheme for downlink relay system is studied with the objective to optimize the defined secure EE. In [8] , Wu et al. propose an energy efficient resource allocation scheme for a SWIPT system, where a power BS is dedicated to transfer wireless power to multiple users and the users can utilize the received power to transmit data to information receiver. The work of [9] extends the one in [8] by employing the nonlinear energy harvesting model and CSI uncertainty, and propose corresponding resource allocation solutions. In [10] , a resource allocation algorithm is designed of the energy efficiency maximization of data transmission considering the power splitting hybrid receivers. Maso et al. [11] investigate the approach that a receiver can harvest energy from cyclic prefix in a OFDMA network. As we can see, major works on the SWIPT focus on a single cell scenario and optimize the throughput or energy efficiency in the downlink. However, as the future network is expected to be densely deployed, the coordination among multiple cells is vital. Such a consideration motivates us to explore the performance of resource allocation in SWIPT multicell.
Meanwhile, recent study on the massive MIMO system shows that the massive MIMO system needs a significant EE improvement due to the use of a large number of antennas [3] , [12] . There are various advanced schemes proposed for optimizing the EE performance of a massive MIMO system, such as transmit antenna selection scheme [3] and different radio resource allocation schemes [12] , [13] . From [3] , we can observe that the number of transmit antenna needs to be selected in an optimized manner to improve the system EE. For a massive MIMO SWIPT system, various resource allocation schemes are presented. In [12] , Chang et al. present a joint antenna and power allocation in a wireless virtualized networks with massive MIMO. In [13] , a resource allocation scheme is presented to optimize the EE of a single cell network with massive number of antennas. In [14] , with the objective to optimize the EE of a point-to-point MIMO system with a large scale of multiple antennas and SWIPT, the authors present a joint optimization of power and time allocation. Gao et al. [15] investigate an energy efficient resource allocation problem for multi-pair amplify-and-forward relay and massive MIMO system.
In order to improve quality of service (QoS) of the wireless networks, coordinating the transmission among multiple cells is a research area that attracts many attentions [16] , [17] . In [16] , Rao and Fapojuwo survey recent works on energy efficient resource allocation schemes in the multicell networks. In [17] , a beamforming algorithm is presented for the transmit power minimization across all the BSs in the multicell network. It can be noticed that the related works on the WPT mostly focus on a single cell case while adopting the WPT into the multicell networks still needs further investigation. In [18] , an energy efficient resource allocation scheme is proposed to maximize the system EE for an orthogonal frequency division multiple access (OFDMA) multicell networks.
Most of the aforementioned work assume that the system CSI is perfectly known when executing resource allocation decisions. However, as the channel estimation error and feedback error exist, in practice, the global CSI is hard to be perfectly obtained. The effect of CSI imperfect can cause system performance degradation. In [22] , Liu et al. study the impact of different CSI acquisition schemes, especially the case of the imperfect CSI. Considering imperfect CSI, Chang et al. [19] propose a resource allocation scheme to maximize the system spectrum efficiency in an OFDMA relay system. In [20] , the throughput performance of transmit antenna selection is studied for an MIMO system assuming imperfect CSI. Lee and Hong [21] concentrate on investigating the energy efficient resource allocation problem with diverse QoS requirements for an OFDMA SWIPT network with imperfect CSI.
As we can see, most of the existing works on the resource allocations concentrate on the optimization for a single cell, while the case of multiple cell resource allocation has not received equal attention. Moreover, the effect of antenna selection in the WPT MIMO system has not been examined so far, which is considered as a significant problem in the MIMO system. Therefore, motivated by these observations, we investigate energy efficient resource allocation problem for the massive MIMO system with WPT. Specifically, an OFDMA multicell scenario is considered and the aim is to improve the EE of the system through proposing antenna selection, subcarrier, time and power allocation schemes.
III. SYSTEM MODEL
In this work, an OFDMA multicell massive MIMO system with WPT is studied. As presented in Fig. 1 , there are in total J cells. There are one BS with N t 1 antennas, K users and
as the allocated antenna vector for all users where
, and L j,k,g is the number of antennas of the BS j allocated to user k on subcarrier g. In the DL, the BSs perform WPT to charge the users and in the UL, the users utilize the received energy to transmit data to the BSs. The considered scenario is typical in a wireless sensor networks application. The channel between BS j and user k is h j,k,g ∈ C L j,k,g ×1 . A quasi-static block fading channel model is assumed. Thus, the channel is constant for a given transmission block T , and varies independently from one to another [20] , [21] . Further, we define β j,k,g as the subcarrier indicator, i.e., In addition, some key notations can be in Table I .
In this work, we consider the CSI acquisition can be done via the standard protocol over a fixed time duration. Therefore, we consider a two two-time-slot transmission protocol for WPT and WIT over the time frame T, which is shown in Fig. 2 . In the first time slot τ j,k,g , the BS delivers energy to users by WPT on subcarrier g. In the second time slot, i.e. T − τ j,k,g , the data is transmitted from user k to BS j on the same subcarrier. Meanwhile, in order to improve the efficiency of power transfer, we employ the energy beamforming for WPT in the downlink.
Correspondingly, the received signal in the DL at user k on subcarrier g is,
where perfect CSI is assumed. α j,k (≤ 1) denotes path loss between BS j and user k and b j,k,g is an energy beamforming vector of BS j. z j is the energy signal and the transmit power of BS j is E |z j | 2 = P j . We assume n j,k,g is an additive
white Gaussian noise (AWGN) and n j,k,g ∼ CN 0, σ 2 . In practical wireless communications, many cases, e.g., the imperfection of channel estimation and feedback, e.g. pilot contamination in massive MIMO, can result in imperfect CSI. The imperfection of CSI can directly degrade the system EE. Therefore, in this work, we also consider the case of imperfect CSI. In each transmission block, there is a estimation errorê j,k,g and we denoted the corresponding channel coeffcient in the case of imperfect CSI asĥ j,k,g ∈ C L j,k,g ×1 . Correspondingly, we have,
Consequently, for the case of imperfect CSI, the received signal of user k is given as [12] ,
With the above analysis, the energy that user k can obtain from BS j on subcarrier g is given as follows [5] ,
where η (η ≤ 1) is the conversion efficiency from harvested energy into electric energy stored by the user. Here, we advocate the Maximum ratio transmission (MRT) beamforming vector, which can appropriately adjust energy transfer direction according to the CSI of every time block to maximize received power, i.e., b j,k,g =
) 2 for imperfect CSI case and Q k = ĥ k 2 for the perfect CSI case. During the second time slot T − τ j,k,g , user k transmits its data to BS j using the same subcarrier. In a massive MIMO system, channel hardening effect emerges with the increase of the number of transmit/receive antennas [23] , which means the mutual information fluctuation decreases rapidly relative to its mean. Moreover, it can also be found that channel hardening effect also happens in the massive MIMO system with antenna selection [12] . According to the properties of channel hardening phenomenon in a massive MIMO system, the channel capacity in bits/s/Hz from user k to BS j on subcarrier g is denoted by,
where ρ j,k,g is given in (6) , as shown at the bottom of the next page. In (6),
denotes the transmit power of user k and σ 2 e j,k,g is the variance of an estimated error on UL. In this work, we consider the subcarrier allocation within a cell is exclusive, and one user can use multiple subcarriers. Therefore, there is no mutual interference within a cell. However, different cells can reuse the same subcarrier, which consequently leads to the interferences from the other cells, i.e.,
. Thus, the throughput from user k to BS j in time duration T can be presented as follows,
and the total throughput is
where P , τ , A, and β are the transmit power, time allocation, antenna selection, and subcarrier allocation policies, respectively. The total energy consumption of the overall system can be expressed as [3] , [24] ,
where P bs is the power consumption per antenna, i.e., P bs = P DAC + P mix + P filt , where P DAC , P mix , and P filt denotes the power consumption of the digital to analog converter (DAC), the mixer, the transmit filter respectively. P o is the baseband processing energy consumption of BS and P user represents the power consumption of the each user equipment, i.e., P user = P LN A + P mix + P syn + P IF A + P filr + P ADC . P LN A , P syn , P IF A , P filr , and P ADC is the power consumption of the low noise amplifier, the frequency synthesizer, the frequency amplifier, the receiver filter and ADC, respectively. ς j is the power amplifier efficiency and depends on features of different BSs. We consider ς j = 1 to simplify the following analysis. Therefore, the defined EE of the considered system can be given as follows,
IV. PROBLEM FORMATION AND TRANSFORMATION

A. Problem Formation
In order to maximize the EE, in this work, we jointly optimize transmit power and time slot allocation, subcarrier and number of used antennas. With the above analysis, the EE problem can be formulated as follows,
C6
:
In (12), C1 is to ensure that the transmit power does not exceed its maximum value for BS j and C2 is the time allocation constraint of WPT. C3 is the power constraint for user k and it is used to ensure the transmit power can not exceed the maximum power allowance. and C4 can ensure that QoS on data rate R min . C5 ensures the selected number of antenna is less than the maximum number of anneta. In this work, due to the fact that the time durations of WPT and WIT of each user may not be the same, we consider the use of subcarrier is exclusive w.r.t. the users, which is shown in the combinatorial constraint on the subcarrier assignment in C6.
B. Problem Transformation
P1 is a non-convex fractional programming problem. As can be found, when the combinatorial constraint can be properly relaxed, the objective function quasi-convex over the decision variable. Particularly, an equivalent optimization problem with an objective function in the subtractive form exists for the considered fractional programming problem. According to [25] , we firstly convert fractional problem into a linear form as follows,
where q * is the global optimal EE, i.e.,
To address the formulated fractional programming problem, we can transform it into a subtractive form and solve it accordingly. First, according to the Dinkelbach Theorem [25] , we have Theorem 1 as follows, Theorem 1: For C (P , τ , A, β) ≥ 0 and E (P , τ , A, β) > 0, q can reach its optimal value if and only if
Proof: The proof is according to the one of Theorem 1 in [25] , so we omit it here.
Theorem 1 presents the necessary and sufficient condition w.r.t. the optimal solution. Particularly, for the considered optimization problem, the original and transformed formulations result in the same solutions. In addition, it can be seen that in order to obtain the optimal solution of resource allocation, q * needs to be found. Correspondingly, we propose an iterative algorithm with guaranteed convergence [27] to obtain q * and it is given in Alg. 1. For given q, we are able to reach a solution of power, time, subcarrier, and antenna allocation by addressing P3. Then, as we can see from Theorem 1, for a given solution of {P , τ , A, β}, we can find the solution of q. Such an iterative process is applied to obtain the optimal solution of resource allocation and q.
With the above analysis, we are able to solve the formulated fractional programming problem in its subtractive form. However, P2 is still with a non-convex structure due to the involved integer programming. A prohibitively high computational complexity is required for tackling such a problem. Meanwhile, although solving such a problem in the dual domain can balance the computational complexity and optimality, as the convexity does not hold, addressing it in dual domain may result in a duality gap between primal and dual problem. In [26] , Yu and Lui have proved that the duality gap of such kind of a non-convex problem in a multi-carrier system is negligible when time-sharing condition is satisfied. Correspondingly, the number of subcarriers is sufficiently large e.g., 32-256, and the solution is asymptotically optimal. In order
for perfect CSI, return Obtain q =
C(P ,τ ,A ,β )
E(P ,τ ,A ,β ) and χ = χ + 1; 10: end if 11 : end while to address P2 in dual domain and obtain a low-complexity solution, we can relax the combinatorial constraints in C5 and C6, i.e., L j,k,g and β j,k,g are positive real numbers instead of integers. Then, β j,k,g is between 0 and 1 and considered as a time-sharing factor for subcarrier allocation. To facilitate the derivation of the proposed algorithm, two auxiliary continuous variables are brought to replace L j,k,g and β j,k,g , and define them as
Then we substitute them into (13) and obtain a new problem P3,
P3
: max
After obtaining the optimal solution, due to the fact that number of selected antenna should be integer, the sub-optimality of antenna allocation should be considered for the practical
To make the problem P3 tractable, an ADMM-based scheme is introduced to address the formulated problem in a distributed manner.
V. DISTRIBUTED RESOURCE ALLOCATION VIA ADMM
In this section, we first briefly introduce ADMM and then present the distributed solution to address the formulated problem.
A. ADMM With Consensus Constraint
ADMM is a powerful algorithm for addressing the distributed convex optimization problem with fast convergence speed [27] - [29] . In ADMM, the problem is decompensated to several local subproblems and the solutions to small local subproblems are then coordinated to find a solution to the original global problem [27] , [28] . Generally, ADMM can be applied to solve the following problem,
where
The unscaled form and the scaled form are two basic forms of the ADMM algorithm. In the unscaled form, the augmented Lagrangian is given as follows.
where y ∈ R p×1 is the vector of dual variable, · 2 is an Euclidean norm operator and ρ > 0 is the predefined augmented Lagrangian parameter. Accordingly, the unscaled ADMM algorithm comprises the following iterations:
where t is the iteration index. Let us consider another problem with local variables x i ∈ R n and a common global variable z:
(22) is referred as the global consensus problem. ADMM for problem (22) is able to be derived from the augmented Lagrangian:
The resulting ADMM algorithm is given as
B. ADMM-Based Solution of P3
As we can see, ADMM can be applied to address formulated problem in a distributed manner. Similar to the approaches in [27] and [28] , we introduce local copies of the global optimal resource allocation policies and each local copy can be interpreted as the preference of each BS on the resource allocation. Firstly, we define local variableτ j,k,g = τ j,k,g ,
. an equivalent formulation of problem P3 can be given as follows,
where we denote Σ P ,τ ,Ã,β = C P ,τ ,Ã,β − qE P ,τ ,Ã,β . To this end, the primal non-convex optimization problem P2 is transferred to a suboptimal convex problem P4. Holding well-known perspective function [30] , it can be observed that P4 is convex w.r.t. the variables P j , τ j,k,g andL j,k,g , and the proof of the convexity of P4 is shown in Appendix A. As P j in P4 is not separable w.r.t. different BS j, to apply ADMM to P4, the coupling should be properly handled. Therefore, we denote the local copy of P j at BS j asP j , which is the BS's opinion of global variables. By means of the local variablesP j ,τ j,k,g ,L j,k,g , β j,k,g , a feasible local variable set of BS j is defined as,
By defining the associated local function in (30) , as shown at the bottom of the next page, the global consensus problem of P4 is able to be rewritten as,
C. Problem Solving via ADMM
According to [28] , P5 is a global consensus problem. We can then apply ADMM for approaching the optimal solution of P5. The initial step is to form an augmented Lagrangian with global consensus constraints.By defining λ j , ∀j ∈ [1, J] as the Lagrange multipliers corresponding to consensus constraints in P5, the augmented Lagrangian for P5 is,
where λ j is the vector of the Lagrange multipliers. ρ ∈ R ++ is used for adjusting the convergence speed of the ADMM and it is assumed to be constant [28] . Based on the iteration of ADMM with consensus constraints, the ADMM solution for P5 compromises several sequential optimization steps shown in (33)-(35).
Algorithm 2 Proposed Distributed
Resource Allocation Algorithm 1: Initialization a) Initialize constant parameters: K, J, L max j,k,g , α j,k,g , P bs , P user , P bs,max , P user,max , R min , q. b) For each BS j, collect the CSI of its users. c) Initialize constant parameters: P j , λ j , and a stop criterion threshold ε, which is a sufficiently small positive real number. 2: for t=1,2,… do 3: Initialize P j
[t] and λ [t] of each BS.
via the method in (33). 5: Then, update P j
[t+1] by combining the results of
from each BS j according to (34). 6: Update λ
[t+1] via iterative projection method in (35).
7: If stopping criteria are satisfied, go to step 9. 8: end for 9: Output: the optimal resource allocation policy
.
D. The Distributed Resource Allocation Algorithm
Based on the above analysis, the proposed distributed resource allocation scheme is summarized in Alg. 2. The general idea of the proposed ADMM-based scheme is to update the global variables, the local variables, and the Lagrange multipliers. Basically, in a relatively long period, i.e., at each iteration of the ADMM, all the BSs need to have a agreed associated interference levels and the EE by the update of global variables. Then, each BS independently solves its own subproblem, e.g., antenna selection and subcarrier allocation etc, and updates its Lagrange multipliers by using local CSI. Upon the convergence of the local results, the BSs attempt to change the value of power allocation to obtain the optimal solution, and the next round of local resource allocation adjustment. In this way, signaling overhead will be reduced as no CSI needs to be exchanged. Moreover, energy efficiency of each BS should be exchanged in order to execute Alg. 1. For the presented algorithm, several key steps can be elaborated in the following.
Step 4 in Alg. 2, local antenna selection and resource allocation strategies are separable across different BSs. There-
update is able to be decomposed into J subproblems, and these subproblems are locally addressed at each BS. The optimization (35) to solve the specific update process. 3) Stop criteria and convergence: For Step 9, based on the discussion in [28] , our ADMM-based algorithm satisfies residual convergence, objective convergence and dual variable convergence when t → ∞. This is due to the fact that the objective function of P5 is closed, proper and convex and the Lagrangian L ρ has saddle point. After obtaining the optimal solution, due to the fact that number of selected antenna should be integer, the suboptimality of antenna allocation should be considered for the practical case, i.e., L j,k,g = L † j,k,g . It can be found that the per-iteration complexity of Alg. 2 is dominated by the complexity of solving subproblem (33) of P5 at each BS. Solving the problem requires only a polynomial time complexity w.r.t. to the numbers of the users., i.e., the complexity is O(K). 
VI. SIMULATION RESULTS AND DISCUSSIONS
The performance of the proposed resource allocation scheme is evaluated and illustrated in this section. Key simulation parameters are given in Table II and are mainly from [24] . In the system, the BSs are located at fixed position as shown in Fig. 1 while the locations of users are uniformly distributed. A distance based path loss model and Rayleigh fading with unit mean value are considered to model the channel. The simulation results are obtained by averaging 10 000 iterations. For simplicity, we use PA to denote the proposed distributed resource allocation algorithm.
First, the impact of CSI imperfection on the system EE performance is examined in Fig. 3 . In this figure, we vary the variance of channel estimation error. The EE performance of the system with perfect CSI is compared with the ones with imperfect CSI σ 2 e j,k,g = 0.3 and σ 2 e j,k,g = 0.5. In addition, we also change the average distance between the BSs and users. Moreover, we plot the EE performance obtained by the exhaustive search (ES), which is considered as the optimal solution and upper-band. As we can observe, the proposed scheme can obtain EE almost as the same as the optimal one, which confirms the optimality of the presented scheme. When CSI can be perfectly obtained, the EE performance is higher than the ones when considering imperfect CSI. When the variance becomes larger, the EE performance decreases. It can also be found that as the distance between the BSs and users increases, the EE performance also degrades. Meanwhile, the performance difference between perfect CSI case and imperfect CSI case becomes smaller as the distance goes larger. For example, when the average distance is 100m, the EE performance of perfect CSI is 5 times higher than the one when σ 2 e j,k,g = 0.5. However, when the distance increases to 200m, he EE performance of perfect CSI is 5 times higher. From Fig. 3 , the EE of the system with σ 2 e j,k,g = 0.3 system is higher than that of σ 2 e j,k,g = 0.5. The observations from this figure evidence that the CSI imperfection has a significant impact on the EE performance.
In Fig. 4 , the performance of antenna selection (AS) and subcarrier allocation (SA) schemes are investigated, by plotting the EE versus the transmit distance. The scheme without AS can be considered as the one from [14] . As we can observe, firstly, by enlarging the average distance between BS j and user, the EE of considered system has decreased in general, despite of the use of antenna selection and the consideration of perfect/imperfect CSI. This is mainly because as the distance increases, more transmit power is needed for providing QoS for the users. Secondly, the system performance of perfect CSI case is better than the one of imperfect CSI case, which also illustrates the impact of CSI imperfection. Such observation is similar to the one in Fig. 3 . In addition, we can also observe that the system performance of the one with antenna selection is higher than the one without antenna selection. That is mainly because without antenna selection, more transmit power is needed, which deteriorates the EE performance.
In Fig. 5 , the value of transmit power is varied and the EE performance with different numbers of used antennas is presented. In addition, the proposed scheme is also compared with the ones in [2] and [5] . The presented scheme in [2] , refereed as "FA", focuses on the fairness among all the users and aims to optimize the minimum throughput among all the users. The scheme in [5] is a greedy algorithm for power allocation and the main objective us to maximize the overall throughput of the network. We refer it as "GA". First, Fig. 5 illustrates that in order to obtain EE maximization, optimal transmit power should be found for fixed number of antennas. In general, with the increment of transmit power, the system EE first increases, then reaches its optimal value and finally decreases. Moreover, it can also be found that for different values of number of antennas, the optimal EE is different, which evidences the advantages of proposed antenna allocation strategy. Meanwhile, by comparing our proposed scheme with the other two schemes, it can be found that with the same number of antennas, our scheme can outperform the other two schemes of which the objectives are mainly about throughput maximization.
In Fig. 6 , the system EE performance is presented by jointly varying the transmit power and the duration of first time slot. We can see that there is an optimal value of first time slot τ j,k,g for certain transmit power to maximize the EE. In general, with the increase of time τ j,k,g , the system EE first increases and then reaches its optimal value and finally decreases, which shows the necessity of the allocation of two time slot protocol. As we can observe, when the first time slot is close to zero, with the increase of transmit power, the EE first ascends rapidly and then remains unchanged. However, when the first time slot is close to one, with the increase of transmit power, the EE keeps descending. For the other cases, there are different trends for EE. Therefore, the joint optimization of transmit power P j and τ j,k,g is necessary to obtain the maximum of system EE. Fig. 6 validates the energy efficient resource algorithm by jointly optimizing the transmit power and time allocation.
To show the convergence performance of our proposed ADMM-based algorithm, we compare it with the performance of a centralized scheme (CS) using Lagrange multipliers that is modified from [8] in Fig. 7 . As we can see, Fig. 7 describes the convergence of the proposed ADMM-based algorithm and the effect of convergence parameter ρ. In this figure, we also plot the convergence performance of a Lagrange multipliersbased scheme to show performance loss of using distributed scheme in terms of EE and convergence rate. Observing from this figure, the optimal EE can be obtained with a small iteration index when adopting the ADMM algorithm, though the centralized method converge to the optimal one with a slightly faster speed. It can also be found the distributed scheme and the centralized scheme have a very similar EE performance. The observations in Fig. 7 show that the performance difference is trivial. Meanwhile, it can be found that the convergence rate is different with different ρ. For example, when ρ = 0.068, we can obtain the optimal EE within 10 iterations, but when ρ = 0.088, we can obtain the optimal EE within 8 iterations. The results also show that the selection of ρ affects the rate of convergence.
VII. CONCLUSION
In this work, an energy efficient resource allocation problem has been investigated for the OFDMA multicell massive MIMO networks with wireless power transfer. With the objective to improve the EE of considered system, we have proposed time, subcarrier and power allocation and antenna selection schemes. Besides the case where perfect CSI is available, we also take into consideration the case that only estimated CSI is available when performing resources allocation decisions. The nonlinear programming and ADMM schemes are applied to address the resource allocation algorithm in a distributed manner. Performance evaluations are conducted to demonstrate the effectiveness and advantages of the proposed schemes.
It can be noticed that the CSI acquisition is also of significance in the massive MIMO system. Therefore, as one future research direction, it is possible to take the channel estimation phrase/pilot transmission into consideration and jointly optimize the time duration for channel estimation phrase, energy transfer phrase and information delivery phrase, to further improve the system energy efficiency. 
For simplicity, we consider the Σ = Σ P j ,τ j,k,g ,l j,k,g ,s j,k,g . Besides, the sub-matrices of H are denoted by (37),
Through calculating the determinant value of sub-matrix, we can obtain as follows,
The results of formula (38) shows that the Hessian matrix H of Σ P j ,τ j,k,g ,l j,k,g ,β j,k,g is semi negative define. Thus, the Σ P j ,τ j,k,g ,l j,k,g ,β j,k,g of P4 w.r.t. P j ,τ j,k,g ,l j,k,g is jointly convex.
